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Introduction
The greater availability of business microdata over recent decades has facilitated a much richer understanding of the economic adjustment processes that generate productivity growth. Most microdata-based labour and multi-factor productivity (mfp) analyses measure labour inputs in firm production functions using pure quantity measures, such as the (total) number of workers, a weighted average of full-time and part-time workers, or the total number of hours worked. 1 Such analyses implicitly assume there is no change in the quality of labour over time which, in the context of the increasing levels of training and qualifications in New Zealand over the past decades, is open to question. 2 This paper is concerned with the relationship between changes in skill and the measurement of productivity growth in New Zealand. Specifically, we focus on the impact of skill changes on estimated mfp, and on how these changes in workforce composition have played out across firms. Our analysis uses a rich longitudinal panel of businesses that supports annual productivity estimates covering a high proportion of the New Zealand economy over the period [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] [2012] . The data are drawn from Statistics New Zealand's Longitudinal Business Database (LBD), combined with skill estimates derived from linked employer-employee data in Statistics New Zealand's Integrated Data Infrastructure (IDI).
First, we develop a proxy for skill that is derived more directly from workers' earnings than usual observable measures of skill such as educational qualifications. This is partly by necessity, as the IDI does not provide coverage of observable skill measures throughout the sample period for the full population of workers; 4 in addition, observable qualifications provide only partial measures of relevant skills. Our skill proxy consists of two components: an observable component of skill estimated from life cycle patterns of earnings reflecting skill associated with labour market experience; and an unobservable component of skill for each individual, derived from their average earnings premium (or penalty) conditional on their sex and phase of the life cycle. 1 Recently published New Zealand studies include: Grimes et al (2009 ), Fabling & Sanderson (2013 , Maré & Graham (2013) ; Maré & Fabling (2013) , Doan et al (2014) , and Fabling & Grimes (2014) .
2 There were substantial increases in both employment and the average qualifications in New Zealand between the 2001 and 2013 censuses. The proportion of those aged 20 and over with a degree qualification or higher increased from 15% to 25%, while the proportion with no school qualifications declined from 19% to 14%. The increase in degree qualifications was particularly strong for younger workers. In contrast, older workers, with lower average qualifications, experienced the strongest employment growth (e.g. workers aged 60 and over accounted for more than half of the increase in employment), reflecting both increasing cohort sizes associated with the baby boom generation, and increases in labour force participation rates. (NZ Census data) 3 Statistics New Zealand (2008) produced a labour-quality adjusted official productivity series, based on the observed qualifications-based labour quality-adjusted approach of Szeto and McLoughlin (2008) .
Reflecting the recent increase in qualifications, these studies estimate increasing labour quality in New Zealand, and lower quality-adjusted productivity growth.
We estimate that the average skill of workers declined 1.8% over the period 2001-2012 as employment growth disproportionately drew in workers with lower than average skill levels. The net decline arose from a 3.6% decline in unobserved skill outweighing a 1.8% increase in observed skill.
5 Also, broadly consistent with Maré and Hyslop's (2008) finding of cyclically-based skill composition changes, we estimate a net 3.0% dilution of skill during the business cycle upswing until the global financial crisis (GFC) struck in 2008, followed by 1.4% skill-concentration during the next two years of contraction, and a further mild 0.2% skill dilution over the final two years of the sample period.
Second, we use these measures of skill to derive skill-adjusted labour input and mfp measures for each firm, which adjust the firm's labour quantity and mfp measures for changes in the average skill of workers employed by the firm. Compared to the estimated 15.0% growth in full-time equivalent (FTE) employment over the period, the 1.8% decline in average skill means that estimated skill-adjusted labour input grew by 13.3%. Also, mirroring the patterns of skill-dilution and skill-adjusted labour input over the period, skill-adjusted mfp growth was stronger than unadjusted growth. Over the full period, the estimated growth of skill-adjusted mfp was 2.7% (0.24% pa) compared to growth in unadjusted mfp of 1.5% (0.14% pa); while, over the 2001-2008 pre-GFC period growth was substantially stronger: adjusted and unadjusted mfp grew 4.0% (0.57% pa) and 2.9% (0.42% pa) respectively. Third, we analyse the effect of changes in skill on mfp growth over the sample period, by comparing decompositions of skill-adjusted and unadjusted mfp growth into contributions from firm entry and exit, reallocation of inputs between firms within and between industries, and from mfp growth within continuing firms. Our main finding is that the impact of skill adjustment is almost entirely accounted for by changing skill composition within continuing firms. This implies that the changes in skill, and hence skill-adjusted impacts on mfp, occur mainly for continuing firms.
The paper is organised as follows. In section 2 we document the skill proxy that we use, and the methods for estimating mfp using a skill augmented production function. The method that we use for decomposing mfp growth follows Griliches & Regev (1995) and is described in section 3. In section 4 we describe key features of the data that we use for productivity estimation, before presenting the main results in section 5. Section 6 summarises and discusses the main findings.
Skill and productivity
Multi-factor productivity is an index of how much output a firm can produce for a given level of inputs. In the case of gross output, production is commonly modelled as a function of inputs including labour, capital, and intermediates. Distinguishing different types of labour recognizes that workers with different sets of skills make different contributions to production, and interact differently with other factors of production. 5 Although our results are at odds with Szeto and McLoughlin's (2008) , they are not necessarily inconsistent. Our approach is potentially more robust to measuring the effect of an increase in lowerskilled workers within qualification groups, which may cause the average skill level to increase more slowly (or decrease) than measured by a qualifications-based approach. For example, using a similar approach, Maré & Hyslop (2008) found that new workers between 2001 and 2007 had lower than average earnings characteristics on both observable (12% lower) and unobservable (7% lower) dimensions, and the increase in low-earning workers offset the rise in average earnings over time associated with increasing qualifications.
Despite the centrality of heterogeneous labour inputs for firm performance and technology adoption, many productivity studies lack suitable data for analysing the contribution of skill to productivity. Syverson (2011) highlights the contribution of labour quality as one of the key questions that still need to be answered if we are to understand firm-level productivity.
Linked employer-employee data, as used in the current paper, have been used to shed light on the relationship between firm performance and the distribution of skill within firms. Abowd and Kramarz (2005) model the role of skill using a worker and firm fixed effects model that provides estimates of wage components associated with observable and unobservable skill characteristics of workers. Using these estimates, the authors estimate an augmented production function that includes both the level and the variance of worker skills within firms. They find that the level of skill raises productivity, as captured by sales per worker. Abowd et al (2007) examine the interactions between production technologies and the use of skilled workers, and find that firms using advanced technologies are more likely to use high-skilled workers and less likely to use more experienced workers.
We model the relationship between productivity and skill using a skillaugmented production function (Griliches, 1970) , modelling firm-i's output in year-t (Yit) in terms of its capital inputs (Kit), intermediate inputs (Mit), and labour inputs (Lit). In the absence of skill adjustment, labour input is some quantity measure of labour, such as total hours worked, = ( ). Skill-adjustment is introduced by noting that effective labour input depends on both total hours of work and skill provided per hour. Indexing skill so that an increase in skill has a proportional impact on labour input, we can denote skill-adjusted labour input as,
if relative skill differences, , are not large. Both H and S are generally found to be positively related to output, although differences in skill explain little of the variation in productivity across firms. A small number of recent studies have confirmed the relevance of labour quality as a dimension of factor inputs. 6 There are persistent differences across firms both in productivity levels (Bartelsman & Doms, 2000; Foster, Haltiwanger, & Krizan, 2001; Syverson, 2011) and in firms' skill compositions (Haltiwanger, Lane, & Spletzer, 2007) . A high degree of persistence in skill composition suggests that firm turnover may play an important role in productivity dynamics in the face of changing aggregate skill composition. Despite this, the inclusion of labour quality measures does not greatly reduce the dispersion of estimated productivity between firms. Accounting for labour quality differences reduces the productivity dispersion within manufacturing industries by around 10 percent and within service industries by around 20 percent (Fox & Smeets, 2011) .
Proxies for skill
A key focus of this study is to examine how the levels and changes in productivity relate to worker and firm quality. Worker quality measures are proxied by estimates of worker and firm premiums from regressions of job-year earnings rates using an additive log-linear two-way fixed effects model for the log (FTE annual earnings) of worker-n, employed in firm-i, in year-t ( ). We aggregate monthly employeremployee data to March calendar years and weight annual job observations by annual FTE employment. We exclude monthly earnings information for workers who ever receive working proprietor income from the firm where they are employed. 7 We regress on a vector of worker-level observable characteristics , timeinvariant fixed worker ( ) and firm ( ) effects:
where the residual ( ) is an idiosyncratic earnings component. The vector consists of sex-specific age-quartics and time-effects; the worker effect represents the portable earnings premium of worker-n and reflects factors such as their ability and motivation. It also captures the impact of each worker's average qualifications during the period. Similarly, the firm effect ( ) represents the earnings premium paid by firmi to each of their workers and reflects the firm's pay structure; and the residual term ( ) captures match-quality, tenure effects and a random idiosyncratic component.
In order to examine the relationships between earnings components and firm productivity, we aggregate the measures to the firm-year level, by taking the job-FTE employment weighted average of the estimated components from equation (2), across all jobs in the firm during a year.
8 Econometric estimates of the worker and firm effects are not unique (Abowd, Creecy, & Kramarz, 2002) . We normalise firm effects to have zero mean overall, and worker fixed effects to have zero mean for each sex within each connected group.
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Based on the estimates of equation (2), we can express firm-i's earnings rate as,
where a caret (^) denotes an estimate obtained from estimating equation (2), and X ̅ it̂ and θ ̅ it are the FTE-weighted average estimated worker demographic and worker effects across all employees of firm-i in year-t. The first two terms of the equation capture the skill content of a firm's labour input -based on observed (X ̅ it̂) or unobserved (θ ̅ it ) worker attributes. Each of these components has a proportional impact on wages, and hence on labour input. In order to examine the link between firm productivity and worker skill, we substitute these measures in place of the average skill term ( ) that appears in equation (1) Substituting the estimated mean worker skill proxies, and relaxing the constraint that each component has the same impact on output yields the following expression for skill-adjusted labour input:
A doubling of labour input can be achieved by doubling any one of the three components of skill-adjusted labour input.
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Productivity estimation
Productivity is estimated using an industry-specific gross output Cobb-Douglas production function that relates output ( ) for firm-i (in industry-j) in year-t to labour( ), capital ( ) and intermediate inputs such as materials ( ) inputs:
Taking logarithms, gives
where , , and are production technology parameters for industry-j. This specification allows the production technology to vary across industries but is held constant within industry-j. Firm multifactor productivity (mfp) is the ratio of output ( ) to measured inputs ( , , ) , and normalised relative to industry-j mean. Specifically, in log form, we estimate mfp from equation (5):
Substituting in the expression for skill adjusted labour input, as in equation (1), and allowing for unobserved error components, we estimate the following industryspecific production function, adjusting for skill:
The technology is not constrained to be constant returns to scale; ( + + ) may differ from 1. 11 The residual from equation (6) is a measure of skill-adjusted mfp. Within-industry changes in this productivity measure are decomposed, as detailed in section 3, and compared with the decomposition using a measure of labour input that does not adjust for worker skill, obtained by constraining to equal zero.
In order to aggregate the contributions of firms to within-industry mfp growth, we calculate an index of input use for each industry-year combination. The input-use index is derived from a pooled production function regression, allowing for industry-specific intercepts but constraining other production function parameters to be constant across all firms and industries:
The two error components and are estimated as fixed effects. This specification is used to derive a consistent set of weights to be used in the decomposition 10 Estimated returns to scale will differ depending on which component is increased. of productivity change, as detailed in section 3. 12 Here, is an index of inputs and is an alternative measure of a firm's multi-factor productivity, constrained by the assumption that all firms operate with a common technology. The components of within-industry productivity change are aggregated using the inputs weights ( ). The input-use index is normalised to sum to one within each year ∑ = 1, so that weighted mean productivity equals the annual mean.
13 Equation (7) estimates are also useful for identifying the contribution to productivity growth of changes in industry-composition. The estimated mfpijt obtained from equation (6) cannot be used to identify whether inputs are being reallocated to more productive industries, since by construction it has zero mean for each industry. However, the estimate of mfp obtained from equation (7) ( ) does identify productivity differences between industries, albeit at the cost of imposing common production function parameters.
Parameter estimates from industry-specific and pooled regressions are included in Appendix table 2 (using FTE labour input) and Appendix table 3 (using skill-adjusted labour input).
Firm dynamics and skill adjustment
To shed light on the interaction of skill adjustment and productivity at the firm level, we apply standard methods to decompose productivity growth. There are a number of related methods for such decompositions, reflecting differences in assumptions and normalisations (Baily, Hulten, Campbell, Bresnahan, & Caves, 1992; Baldwin & Gu, 2006; Foster et al., 2001; Griliches & Regev, 1995; Petrin & Levinsohn, 2012) . These decomposition methods focus primarily on the analysis of within-industry productivity growth, abstracting from inter-industry differences in average productivity. Our study adopts the approach of Griliches and Regev (GR), and presents not only a within-industry analysis but also a complementary between-industry analysis of the contribution of changing shares of activity in low and high productivity industries.
A number of studies have identified the important roles played by firm turnover and the reallocation of resources towards more productive firms, even within narrowly defined industry sectors. However, over a five year period, around half of overall productivity growth is the result of improvements within continuing firms (within firm contribution). The contribution from reallocation -high productivity firms increasing their share of the economy at the expense of lower productivity firms -varies across countries, though is generally positive and small (Bartelsman, Haltiwanger, & Scarpetta, 2004) . Net firm turnover contributes positively to productivity growth, with new firms having higher productivity than the exiting firms they replace. Across countries, there are differences in the patterns of entry and exit, though the net positive contribution of firm turnover to productivity growth is a robust finding. In Europe, new firms enter with higher productivity than that of continuing firms in their industries whereas in the United 12 For partial productivity measures such as labour productivity (eg: value added per worker), using = labour input leads to exact aggregation of = industry value added / industry employment. For MFP or TFP measures of productivity, output shares are commonly used as weights, leading to inexact aggregation, though potentially with interpretation in terms of aggregate welfare (e.g.: Domar (1961) ; Baily et al, (1992) ; Foster et al, (2001) ). 13 When analysing productivity growth for a specific industry, a different normalisation is used, (∑ ∈ = 1∀industries( ) ) so that weighted mean productivity equals the industry-year average.
States, the opposite is true, with a relatively high productivity contribution coming from the exit of relatively low productivity firms (Bartelsman et al., 2004) .
In a related New Zealand study, Law & McLellan (2005) find that both entering and exiting firms have lower-than-average productivity and that net firm entry contributes negatively to productivity growth. The positive within firm contribution is consequently larger than overall productivity growth. 
Decomposition of within-industry productivity growth
Following the approach of GR, the within-industry contribution to productivity change can be decomposed into components arising from firm entry and exit, and from changes in the size and performance of continuing firms. For an industry (j), an index of productivity is obtained as the weighted average of firm (i) productivity ( in equation (6)) using weights ( ) as defined in equation (7):
GR analyse changes around the average industry productivity, and average industry input share, across two years.
15 Using GR's approach yields the following decomposition:
where bars represent two-year averages ( ̅ = ( + −1 )/2), C is the set of continuing firms, N is the set of entering firms, and X is the set of exiting firms.
The definition of continuers, entry and exit depend on the length of time over which firm transitions are measured. In our main estimates, we decompose the change in productivity over the full period from 2001 to 2012. Continuers are firms that were operating in each of these two years, whereas entrants and exiters are firms that were operating in one of these years but not in the other, (and firms that entered and exited within the 11 year period are thus excluded from the analysis). We present a 14 One key difference between the Law and McLellan (2005) approach and that of the other studies summarised by Bartelsman et al (2004) is that Law and McLellan measure the labour productivity of entrants and exiters relative to overall average labour productivity rather than to industry average labour productivity. The contributions that they estimate will therefore capture the impact of the industry-level correlation between turnover and average labour productivity, which is excluded in other studies. 15 A commonly used alternative decomposition approach is that of Foster et al (2001) (FHK), which takes initial productivity, Ajt-1, as the benchmark and weights the change in industry productivity by the firm's initial input share, which includes an additional interaction term. In practice, the GR and FHK methods yield very similar estimates for the contributions of entering and exiting firms, and when change is measured over longer periods. As noted by FHK, when weights are based on inputs, transitory fluctuations in inputs or outputs, or measurement errors in inputs generate a negative correlation between input shares and relative productivity, and thus a negative interaction term. The impact of transitory fluctuations and measurement error is likely to be greater over shorter periods and we consequently rely on the GR decomposition as the more robust approach for analysing both oneyear and 11-year changes.
complementary decomposition of annual productivity change over this period, where the classification of firms is based on whether they operate in consecutive years.
We augment the decomposition shown in equation (9) to separate the contributions of continuing firms that are not observed in the productivity data in one of the years, but still have employees.
16 Their contribution to the change in measured mean productivity is analogous to that of entrants and exiters, but including them as entrants or exiters would be misleading because they differ from true entrants and exiters. Joiners are continuing firms that are observed in period t but not in period t-1. As in the case of entering firms, they make a positive contribution to measured productivity growth if they have productivity that is above mean productivity ( ̅ ). Leavers are continuing firms that are observed in the productivity data in period t-1 but not in period t. Similar to exiting firms, they contribute positively to measured productivity growth if their productivity ( −1 ) is below mean productivity ( ̅ ).
Industry-mix contributions to productivity growth
Aggregate productivity change reflects not only the influence of within-industry changes but also the changing shares of activity in high and low productivity industries. 17 To gauge the contributions from such share changes, we perform a complementary analysis of 'between industry' productivity growth, using industry-level sums of input share weights as defined in equation (7) (ω jt = ∑ ∈ ), normalised so that (∑ = 1). The productivity measure differs from that used for the withinindustry productivity growth composition which, by construction, has a mean of zero for each industry. We use instead the estimate of from equation (7). The weighted mean productivity in year t is denoted :
where = ∑ ∈ . We decompose annual aggregate productivity growth (Δ ) into components attributable to changes in industry productivity growth and changes in the industry-share of total input use. Adopting the GR approach of analysing changes around the average aggregate productivity, and average industry input share, across the two years, yields the following decomposition:
Note that the remaining entry and exit terms that appeared in the within-industry equation (9) are zero here because the industry classification we choose ensures that each industry appears in each year and there is therefore no industry entry and exit.
Data description
The data for the study are drawn from two databases assembled and held by Statistics New Zealand. The first is the Longitudinal Business Database (LBD), which contains a wide range of administrative and survey information on New Zealand businesses. The second is linked employer-employee PAYE data, which forms a part of the Integrated Data Infrastructure (IDI), and contains monthly job-level information from income tax returns, supplemented with additional information on worker characteristics from the IDI.
We create and analyse an annual panel of enterprises ('firms'), containing firm demographics, firm performance, and a measure of skill at the level of the firm. Each annual observation relates to a firm's financial year, with observations assigned to a notional March year based on the firms' balance dates. The LBD contains financial data from the year to March 2000 to the year to March 2012. For convenience, we refer to years by their end-date (2000 to 2012). To ensure consistent data definition and availability, we do not use production data for the 2000 year (Fabling & Maré, 2015b) . Productivity estimation is carried out for the twelve years, 2001 to 2012, allowing us to observe 11 annual changes -from 2001-2002 to 2011-2012 . The data that we use are not necessarily representative of all firms in the economy, due to limitations in data availability and coverage, especially for smaller firms.
Longitudinal Business Database (LBD)
The core of the LBD dataset is the Longitudinal Business Frame (LBF), which provides longitudinal information on all businesses in the Statistics New Zealand Business Frame/ Business Register since 1999, combined with information from the tax administration system. The LBF population includes all economically significant businesses.
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Our unit of analysis is the enterprise, restricted to industries that are part of the 'measured sector', identified by Statistics New Zealand as "industries that mainly contain enterprises that are market producers. This means they sell their products for economically significant prices that affect the quantity that consumers are willing to purchase" (Statistics New Zealand, 2014) (see Appendix table 1). We further restrict our analysis to private sector, for-profit firms. We follow Fabling (2011) and repair enterprise number links using plant-level employment information.
The LBD includes not only the LBF but also a range of administrative and survey data that can be linked to the LBF. We use business demographic information from the LBF, linked with financial performance measures (from the Annual Enterprise Survey, and administrative tax data, including IR10s).
The preferred source of value added measures is the Annual Enterprise Survey (AES). The AES is a postal sample survey, supplemented with administrative data from tax sources. We use postal returns from AES to provide annual gross output and factor inputs for each enterprise's financial year. This information is available for around ten percent of enterprises, which are disproportionately larger firms, accounting for around 50 percent of total employment in New Zealand. Where AES information is not available, we derive comparable measures from annual tax returns (IR10s).
Production function variables 19
Gross output is measured as the value of sales of goods and services, less the value of purchases of goods for resale, with an adjustment for changes in the value of stocks of finished goods and goods for resale. Capital input is measured as the cost of capital services rather than as the stock of capital. There are three components to the cost of capital services: depreciation costs; capital rental and leasing costs; and the user cost of capital. The inclusion of rental and leasing costs (including rates) ensures consistent treatment of capital input for firms that own their capital stock and firms that rent or lease their capital stock. The user cost of capital is calculated as the value of total assets, multiplied by an interest rate equal to 10 percent, to approximate the combined cost of interest and depreciation. Intermediate consumption is measured as the value of other inputs used up in the production process, with an adjustment for changes in stocks of raw materials.
Nominal measures of gross output and factor inputs are separately deflated using price indices. Gross output is deflated using an average of four quarters of the Producer Price Index (Outputs), which is available separately for 46 industry groupings within the measured sector. Similarly, intermediate inputs are deflated by the PPI (Inputs). Capital inputs are deflated by a four-quarter average of the Capital Goods Price Index (All Groups).
The LBD sample is restricted to exclude firms with missing or implausible production data. We exclude firms with unusually large changes in any of gross output, total employment, capital services, or intermediate consumption. Specifically, firms with log changes greater than 4 or less than -4 in any year are dropped, with the exceptions of employment changes in firms employing fewer than 20 employees and changes in financial variables with a magnitude of less than $50,000.
Linked employer-employee PAYE data
Employment and worker data are derived from the IDI, which uses information from tax and statistical sources to construct a record of paid jobs. Since April 1999, all employers in New Zealand are required to file a monthly record, the Employer Monthly Schedule (EMS), with Inland Revenue (IRD), which lists all paid employees at that firm during the month, the earnings they received and the amount of tax that was deducted at source. Working proprietors and employees are both counted in our measure of a firm's labour input, but we exclude firms without employees from our analysis as it is not possible to construct the skill proxies for a subset of these. Firm entry and exit is identified on the basis of whether a firm has employees. An entrant is thus a firm that is observed with production data but which had no employees in the previous year. Similarly, an exiting firm is one that does not report any employees in the following year.
Conceptually, the PAYE data cover the universe of employment relationships and earnings in New Zealand over the period. One limitation of the data, though, is that it does not contain a measure of hours of work. We use the algorithm described in Fabling and Maré (2015a) to derive a labour input measure that adjusts the count of workers to a full-time equivalent measure. 21 We estimate a 'full-time-equivalent' (FTE) monthly employment measure for each worker, using information on multiple jobs, minimum wage rates, job spells, and notified job end dates. The FTE measure is aggregated to an annual firm-level measure of labour input.
The estimation of skill proxies (two way worker and firm fixed effects estimation) is based on all the available data on PAYE employee jobs in New Zealand during the fifteen March-years from April 1999 to March 2014.
Results
Annual growth rates of inputs, outputs and mfp
The period of our study, 2001-2012, was one of overall growth, though with a sharp slowdown in 2009, in the wake of the Global Financial Crisis (GFC). Table 1 summarises the annual movements in output, inputs, and estimated mfp. Output by firms in the sample grew by 12.1 percent, while capital grew by 34.5 percent and intermediate inputs by 6.7 percent.
Given our focus on the role of skill and labour inputs, the table shows four different labour-related input measures. First, unadjusted labour input, as measured by full-time equivalent workers, grew by 15.0 percent. Second, this growth in labour input was accompanied by an increase in worker observable skill (X ̅ it̂ in equation (3)), which grew by 1.8 percent, largely reflecting the ageing of the employed workforce. Third, in contrast, there was a dilution in unobserved worker skill, as measured by average worker fixed effects ( ̅ ), which declined by 3.6 percent over the sample period. The combined effect of the changes in observed and unobserved skill was a net 1.8% decline in average worker skill over the period.
The pattern of declining unmeasured skill is consistent with the findings of Maré and Hyslop (2008) , who document a substantial decline in average worker 'quality' over the 2000-2007 period as sustained employment growth drew in workers with lower-thanaverage skill and earning capacity. In particular, the results in Table 1 show a steady decline in average unobserved skill until 2008, when the domestic recession and GFC struck, resulting in a cumulative 3.6% decline from 2001 to 2008. Unobserved skill then increased 0.4% in the two years following the GFC (2008/9 and 2009/10) as employment contracted, before a slower rate of decline (-0.2% per year) in the final two years of the period as employment gradually increased. In addition, observed skill increased 1.0% over the two post-GFC years, and a further 0.2% in the following year, largely reflecting the drop in youth employment over that period. Figure 1 illustrates the relationship between skill dilution and broader labour market measures, as captured by the Household Labour Force Survey (HLFS). Skill dilution is measured as the cumulative impact of skill adjustment, multiplied by -1 to year observations are dropped because worker fixed effects cannot be estimated due to missing worker demographic information.
convert it to a measure of skill dilution. The extent of skill dilution is positively correlated with the employment rate (employment / working age population), consistent with employment growth disproportionately drawing in workers with lower than average skill. Skill dilution is reversed during the GFC due to the disproportionate loss of workers with lower than average observable and unobservable skill. We believe the consistent cyclical patterns of our measures of changing skill provides support for their validity and robustness, and for our interpretation of them as indicators of compositional change.
The fourth labour input measure in Table 1 is an overall skill-adjusted labour input measure. This is constructed as the sum of the log (FTE labour input), the average unobserved worker fixed effects, and the average worker observable skill. The 1.7% decline in average worker skill means that the growth in skill adjusted labour input (13.3%) is correspondingly lower than the growth in FTE labour input (15.0%).
A consequence of downward revision in input growth is that a higher proportion of output growth is attributed to growth in mfp. Table 1 compares two productivity growth measures. The first, mfp(FTE), is estimated using FTE labour input and grew by 1.5 percent between 2001 and 2012. The skill-adjusted measure, mfp(skill-adjusted), grew by 2.7 percent over the same period. The final panel of Table 1 compares the growth of FTE and skill-adjusted measures of labour input and mfp. Using a skilladjusted labour input measure yields 1.8 percentage point lower estimated growth of labour input, and 1.1 percentage point higher growth in mfp. Figure 2 plots the cumulative changes in labour input (with and without skill adjustment) and the implied cumulative mfp growth paths. Although we would not expect labour input or productivity growth for our estimation sample to match that of the entire measured sector, as estimated in official statistics, we include cumulative growth in these for comparison. 22 The dark upper line in panel (a) shows the 15 percent cumulative growth in FTE labour input, reaching a peak in 2009 of 21.9 percent above 2001 levels before declining in the subsequent three years. Adjusting for skill lowers growth throughout the sample period, as shown by the growing gap between FTE growth and the skill-adjusted growth (lower dark line). Labour input as measured in official productivity statistics grew more slowly than FTE labour input for our sample, increasing by 11.8 percent (lower solid line) by 2012, with a recovery between 2010 and 2012, which is not evident in the FTE or skill-adjusted measures. An alternative measure of FTE employment comes from the Quarterly Employment Survey. This shows labour input increasing by 18.7 percent through to 2012, higher than the 13.3 percent increase in our measure.
Official statistics contain a 'composition-adjusted' measure of labour input (lower dashed line), which controls for the changing qualification and age mix of employed workers (Statistics New Zealand, 2008; Szeto & McLoughlin, 2008) . In contrast to our skill-adjusted labour input measure, the official composition-adjusted labour input measure grew faster (13.1 percent) than the unadjusted (11.8 percent). The different direction of impact reflects different definitions of skill. The rise in 22 The series are not expected to be the same, though there are clear similarities, especially in the timing and magnitude of the impact of the GFC. Our measure is not intended to be an accurate measure of overall productivity but focuses instead on productivity variation across the firms that are included in our sample. Our measure excludes some firms, as outlined above, and does not attempt to make aggregate adjustments that are implemented by Statistics New Zealand to improve the coverage and accuracy of the official measure.
qualifications captured by the official composition adjustment contrasts with the dilution arising from the relative growth of workers with low average earnings capacity. The apparently conflicting trends can be reconciled if dilution were to occur across the qualification distribution.
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The impact of the alternative measures of labour input on estimated withinindustry mfp growth is shown in panel (b) of Figure 2 . Aggregate mfp growth is calculated as (∑ − ∑ −1 −1 ), using weights from equation (7) and alternative measures of mfp from equation (6), with and without constrained to be zero. The relatively slow growth in skill-adjusted labour input is reflected in estimated mfp growth of 2.7 percent, which is 1.2 percentage points higher than that estimated using FTE labour input (as in Table 1 ). In contrast, the composition adjustment in the official statistics lowers estimated mfp growth from 4.2 percent to 3.5 percent. All mfp series show a pronounced decline in 2008 -2009 and recovery in the subsequent three years.
Firm dynamics
The analysis of the interaction between changing skill composition and firm dynamics relies on the classification of firms as entrants, exiters and continuers. Table 2 summarises the distribution of firms across these transition groups. The net change in the number of firms in our sample between 2001 and 2012 was an increase of 4,101, from 89,676 to 93,777. Of the firms observed in the data in 2012, 26,625 (28.4%) were continuers who were also observed in 2001. A further 7,029 firms (7.5%) were 'joiners' -continuers who were operating but who were not observed in the productivity data in 2001. Almost two thirds (64.1%) of firms in 2012 were entrants who had started operating at some point in the 11 years between 2001 and 2012. The increase due to entrants and joiners was almost balanced by reductions due to 53,784 exiters (60.0 percent of the 2001 total) and 9,264 leavers (10.3%).
Although continuers accounted for only 28.4 percent of the 2012 firms, they were relatively large firms, and contributed 60.5 percent of gross output in that year. In contrast, the contributions of entrants and exiters to gross output was only around half of their contribution to firm counts. Joiners and leavers accounted for between 7 and 10 percent of both firm counts and gross output. Table 3 reports input-weighted means of inputs, outputs, and productivity for each transition group, expressed relative to overall means. The weights ( as defined in equation (7)) are the same weights as are used for calculating mean productivity, and reflect each firm's share of inputs.
24 Continuing firms are relatively large, with output and labour inputs that are roughly double the weighted mean across all firms. In contrast, the mean size of entrants is only around a third the size of the overall mean. 23 Because our measure estimates worker earning capacity as a time-invariant worker characteristic, any changes in earning capacity associated with increased qualifications over time for particular workers would show up as mfp growth. The entry of more qualified workers would contribute positively to growth in our skill-adjusted measure as long as qualifications and earnings are positively related. 24 This weighting leads to different statistics than those shown in Table 2 , which are based on sums of output. In contrast, the statistics underlying Table 3 are input-weighted geometric means. Whereas Table 2 joiners and leavers have output shares that are similar to their share of firms, Table 3 shows that they have relatively low (weighted) mean output, consistent with some high-output joiners and leavers having low employment shares. The geometric means used in Table 3 further lower the statistical influence of high-output firms.
Exiters are larger than entrants, but still only about half as large as the overall mean. Leavers comprise relatively small labour-intensive firms, with output and capital levels around 20% of the overall mean, and labour inputs about 25% of the mean. Joiners, on the other hand, are more similar in size to entrants and exiters but, like leavers, are relatively labour intensive. Continuers are the most capital intensive group of firms, with capital labour ratios about 10% higher than the overall average.
There is limited variation in unobserved skill and worker observables, with no group differing by more than 3.6 percentage points from the mean level. Within that range, entrants and exiters have lower levels of observable and unobserved skill than continuing firms, with exiters having the lowest level of unobserved skill (96.4% of overall mean). The difference between continuers and other firms in the size of labour inputs is magnified by skill adjustment.
Mean productivity differences are also relatively small, with only the low productivity leavers group having mean productivity that differs from the overall mean by more than 3.1 percent. Entrants are the group with the highest mean productivity (101%), whereas exiters have lower mean productivity of 98%. 25 Comparing mfp estimated using a skill-adjusted labour input measure with mfp estimated using FTE does not greatly change the relative mfp across the transition groups.
Decomposition of within-industry mfp growth
A key focus of this paper is on whether the productivity impact of skill adjustment differs across transition groups. Table 4 compares the contributions to estimated productivity growth made by each transition group, with and without skill adjustment of labour input. The contributions are calculated as weighted sums of withinindustry contributions, summed across all industries.
26 Annual average growth in mfp was 0.14 percent using FTE-based labour input, and 0.24 percent using skill-adjusted labour input (Total growth over 11 years of 1.5 percent and 2.7 percent respectively, as shown in Figure 2 and Table 1 ).
The difference of 0.1 percent growth per year is almost entirely accounted for by the impact of skill adjustment on changes in productivity for continuing firms (bottom row of Table 4 ). Put simply, the reduction in average worker skill was absorbed almost entirely by continuing firms. The contribution of inputs being reallocated from highproductivity continuers to lower-productivity continuers differs only slightly between the two different mfp measures (-0.05 percent and -0.06 percent). Similarly the positive contributions made by high-productivity entrants and low-productivity exiters do not differ appreciably. The net entry contribution of 0.16 percent is the same whether calculated using the FTE or the skill-adjusted specification.
These contributions are shown in panel (a) of Figure 3 , with leavers and joiners combined in the final block. Only for overall growth and within-firm changes are there appreciable differences between the FTE-based contributions and the skill-adjusted contributions. For other components, the difference (shown as the third, striped bar in each block) is small. 25 Entrants may have been operating for up to 10 years, so they are not necessarily very young firms. 26 Weights are year-specific industry shares of inputs. Industry-specific decompositions are shown in Appendix table 4 (for mfp based on unadjusted labour input) and Appendix table 5 (for skill-adjusted mfp).
The finding that the productivity impact of skill adjustment is confined almost entirely to productivity changes for continuing firms is confirmed, when transition groups and productivity changes are measured over one year intervals. For annual changes, continuers are firms that are observed with employment and production data in two consecutive years. 'Entrants' are identified as firms who reported neither employment nor production data in the prior year and 'exiters' are firms that have no employment or production data in the subsequent year. A firm could appear in each of these categories in different years, and could even appear as a continuer, joiner and leaver multiple times.
When measured this way, the transition groups capture quite different sets of firms. Continuers that survive for 11 years are quite different from those that survive from one year to the next. Based on annual transitions, 75 percent of firms each year are classified as continuers, and they account for over 90 percent of output. In contrast, entrants and exiters in a year account for only 13 and 10 percent of firms respectively, and only 2-3 percent of gross output. These patterns are shown in Table 5 . It also shows that joiners and leavers account for roughly the same proportion of employment in a year when they are measured annually as when they are measured over 11 years, consistent with transitory absences from the data. Table 6 shows some of the key differences between the one-year transition groups. Compared with the 11-year transition group summary in Table 3 , single-year entrants and exiters, and single-year joiners are much smaller, and continuers are not as large relative to the mean firm. Entrants and exiters are also shown to have relatively high productivity in their first (last) year of operation. 27 Table 7 shows annual productivity growth decompositions using the two different mfp definitions. The overall productivity change of 0.14 percent using FTE labour input and 0.24 using skill-adjusted labour input is, by definition, the same as in Table 4 . As was the case with 11-year transitions, the impact of skill adjustment is confined largely to productivity changes within continuing firms. This implies that the dilution of skill was primarily taking place within continuing firms. The lack of difference between the FTE and skill-adjusted contributions from the other components indicates that skill dilution was not differentially affecting entrants and exiters and that differential growth rates of continuing firms were not systematically linked to differences in skill dilution. Skill-adjustment has only a minor effect on the estimated contribution of reallocation of inputs between continuers, of entry and exit, or of joiners and leavers. The final row of Table 7 summarises the differences in estimated mfp growth between the FTE and skill-adjusted specifications. Within-firm productivity change contributed 0.13 percentage points to the 0.10 percent annual average growth. Net entry balances to make a zero contribution, as does net joining and leaving transitions. The patterns of annual contributions in Table 7 also reveal that year-to-year variation in mfp is largely due to year-to-year changes in the contribution of within-firm productivity changes from continuers.
Compared with the 11-year transitions summarised in Table 4 , the contributions of joiners and leavers are much larger when transitions are based on annual changes. Year-on-year joiners and leavers have consistently low relative productivity, so joiners make a sizeable negative average contribution to mfp growth (-0.20 percent for 27 High productivity in first and last years may be in part due to input and output measurement and timing issues in firms that are incurring setup costs or running down inventories when they cease operation. See Fabling & Maré (2015b) for details of end-period adjustments made to the production and employment data.
mfp(FTE) and -0.25 percent for mfp(skill)) and leavers make a sizeable positive contribution (0.36 and 0.41). Exiters in their final year of operation make an average negative contribution (-0.07 percent and -0.05 percent in Table 7) , though this includes an atypically strong negative impact of high-productivity exiting firms in 2003. Another key difference between Table 4 and Table 7 is that year-to-year reallocation of inputs among continuing firms contributes positively to mfp growth, whereas reallocation among firms continuing for 11-years makes a negative contribution. The positive yearto-year reallocation is particularly positive in 2009 and 2010, in the immediate wake of the GFC. The impact of skill adjustment is small in either case -0.01 percent for 11-year continuers, and -0.02 percent for year-on-year continuers.
The contributions based on single-year transitions are summarised in panel (b) of Figure 3 . Although the pattern of contributions differs across FTE and skill-adjusted specifications, the pattern of differences between the specifications (ie, the striped bars) is similar to that shown in panel (a) based on 11-year transitions.
Between industry decomposition
The decompositions presented so far capture the patterns of productivity growth within industries, controlling for differences across industries in technologies and in productivity levels. As discussed in section 1, estimating cross-industry differences in productivity levels requires a more constrained production function specification. Table  8 summarises the estimated contribution of the reallocation of inputs across industries (i.e., equation (11)), under the imposed assumption of a common technology with industry fixed effects, as shown in equation (7). With this specification, overall productivity growth captures both within-industry growth, and the impact of input reallocation between industries with different mean levels of mfp. Table 8 shows the decomposition of productivity growth into these two components.
Measuring labour input as FTE, annual average productivity growth is estimated to be 0.19 percent. About half of this (0.9 percent per year) is attributed to within industry productivity shifts, and about half (0.9 percent per year) to changing industry mix. The estimated within-industry growth is lower than that estimated from industryspecific regressions, and shown in Table 4 .
When mfp is estimated using skill-adjusted labour inputs, a greater rate of growth is attributed to within-industry productivity shifts (0.17 percent per year) compared with the FTE-based estimate. The analysis of within-industry productivity growth presented in the previous section demonstrated that this effect is dominated by changes for continuing firms within industries. Overall, the impact of skill adjustment on interindustry reallocation is small relative to its impact on estimated within-industry growth. The impact of reallocation is, however, positive in most years in both FTE-based and skill-adjusted estimates. Over the 2001-2012 period, high-productivity industries increased their share of productive inputs. Skill adjustment also slightly lowers the rate of growth attributed to reallocation across industries, to 0.07 percent per year compared with 0.09 percent using FTE-based mfp estimates. This implies that the decline in average skill levels disproportionately affects high-productivity industries, though the differences are relatively small.
The patterns in Table 8 are summarised in Figure 4 . The figure also shows the differences between the estimates of within-industry productivity growth obtained from industry-specific regressions (shown in Table 4 ) and those presented in this section from pooled industry fixed effect regressions.
Summary and discussion
The main objective of this study was to gauge the role of skill composition in productivity measurement and growth, and to identify whether skill composition affects particular sources of productivity growth. We used an indirect measure of worker skill, derived from linked employer-employee data and employing a two-way fixed effects estimation method. Using this measure, we found that the 15 percent growth in full-time equivalent labour input between 2001 and 2012 was accompanied by an overall decline in average worker skill, contrary to the trends observed in skill measures based on formal qualifications. Adjusting our estimates of mfp productivity for this slower increase in labour input results in more of output growth being attributed to growth in productivity rather than growth in inputs.
The impact of using skill adjusted labour inputs in the estimation of mfp is accounted for almost entirely by the impact on estimated productivity growth for continuing firms. Despite the persistence of firms' personnel practices as identified by Abowd et al. (2007) , it appears that continuing firms are flexible enough to adapt to changing labour quality.
The skill-adjusted production function estimates capture the relationship between skilled labour input and gross output. We would expect output growth to have been lowered by the drop in average labour quality over the study period. Continuing firms were, however, more able to maintain output in the face of slower growth in skilladjusted labour content than other transition groups. In contrast, for entrants and exiters, output change reflects lower labour quality, and estimated mfp is affected less.
Our study also sheds light on the contribution to productivity growth made by reallocation. The findings are similar for FTE-based mfp estimates and skill-adjusted estimates, but differ when we vary the timeframe over which we observe transitions. Using transition groups defined across an 11-year window, and looking within industries, net entry contributed 0.16 percent per year to mfp growth, with positive contributions from both entrants and exiters. In contrast, within-industry reallocation of inputs from more-productive to less-productive continuing firms made a negative contribution to mfp growth (-0.05 to -0.06 percent per year) (Table 4) .
When estimated using single-year transitions to identify transition groups (Table  7) , net entry makes a smaller average annual contribution of 0.03 percent, with a negative average contribution from exiting firms. Joiners and leavers account for a sizeable proportion of year-to-year productivity growth (0.16 percent per year), reflecting discontinuously observed mainly low-productivity firms. In contrast with the 11-year transition group results, year-to-year reallocation of inputs within industries makes a positive contribution to mfp growth. In addition to the within-industry reallocation, reallocation from less-productive to more-productive industries also contributed to productivity growth, adding an average of 0.07 to 0.09 percent per year (Table 8 ).
There are a number of possible extensions to this study. First, other dimensions of labour quality could be examined. The IDI contains educational attainment data for a substantial subset of workers, and it would be possible to analyse whether the dynamics of qualification adjustment are similar to that of the more general skill adjustment analysed in the current paper. The role of firm dynamics in qualification adjustment may differ for particular types of qualification, such as those related to STEM (science, technology, engineering, and mathematics) skills.
Second, the sensitivity of mfp estimates to alternative functional forms of production function, or alternative approaches to estimation could be investigated. Extensions could include the use of more flexible functional forms, such as translog production functions, or estimation approaches that deal explicitly with the challenges of unobserved firm heterogeneity and the endogeneity of input choices (Ackerberg, Caves, & Frazer, 2006; Griliches & Mairesse, 1998 Griliches & Regev (1995) as described in the text. Griliches and Regev (1995) method, as summarised by equation (9) and discussed in the text. Table 4 and 
